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Abstract. This paper proposes a signal-to-noise ratio (SNR) classification
system based on a classification of voiced/unvoiced signal using a time-delay
neural network for noise reduction in speech that is degraded by background
noises. As such, the proposed system detects voiced and unvoiced sections,
then reduces the noise signal for each input frame using the time-delay neural
network.
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1 Introduction
For speech signal processing, a neural network (NN) needs to be constructed using a
time structure, as the time variation is significant information [1, 2]. Moreover, an
amplitude component contains more information than a phase component when a
speech signal is generated by a fast Fourier transform (FFT). Accordingly, this paper
proposes a signal-to-noise ratio (SNR) classification system based on a classification
of voiced/unvoiced signal using a time-delay neural network (TDNN) [3, 4, 5, 6],
which includes a time structure in the NN, then confirms the efficiency of the
proposed system based on experiments of classification rates in a speech signal. Using
the correct classification rates, experiments confirm that the proposed system is
effective for speech degraded by noises, such as white and subway noise.
The remainder of this paper is organized as follows. Section 2 introduces the
construction of the proposed time-delay neural network. Section 3 explains a speech
and noise database used in the experiments and discusses the experimental results
when using the proposed system. Section 4 presents some conclusions.

2 Proposed time-delay neural network (TDNN)
Fig. 1 shows the construction of the proposed TDNN system. First, the noisy speech
signal x(k) is divided into length frames of 128 samples (16 ms). Next, the x(k) is
detected in the voiced and unvoiced sections, then separated into FFT amplitude
components according to the voiced and unvoiced sections. Thereafter, the separated
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FFT amplitude components are added to the appropriate TDNNs with the low, mid
and high frequency bands.
In this experiment, the TDNNs for the low, mid, and high frequency band are
composed of four layers and the compositions of the TDNNs are 22-60-22-22. The
final FFT amplitude component is then obtained by combining the results from the
TDNNs with the low, mid and high frequency bands. However, the FFT phase
component is directly obtained from the original noisy speech signal, after detecting
voiced and unvoiced sections. Thereafter, the enhanced speech signal y(k) is
regenerated using an inverse fast Fourier transform (IFFT).
In the training of the proposed TDNNs, the training coefficient was set to 0.2 and
the inertia coefficient was set to 0.7. Moreover, random numbers from –1.0 to 1.0 is
used as an initial weight, and 10,000 was set as the maximum number of training
iteration for the experiment.

Fig. 1. The construction of the proposed TDNN system.

3. Experimental results
All speech data of the Aurora-2 database consists of English-connected digits spoken
by American English speakers [7, 8, 9]. In this experiment, the proposed system was
evaluated using speech data from the Aurora-2 database in Test Sets A, B, and C and
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two types of background noise, i.e. subway noise in Test Set A, and white noise
generated by a computer program. In this experiment, the TDNNs are trained using
noisy speech data artificially added at several SNRs (20 dB, 15 dB, 10 dB, 5 dB, and 0
dB). When using the Aurora-2 database, the TDNNs are trained after adding white and
subway noise to the clean speech data in the Aurora-2 database.
The performance of the proposed TDNN system was tested based on the correct
classification rate, frame-by-frame, and the definition of the classification rate was the
ratio of the number of frames in which the SNR levels were correctly estimated to the
total number of frames given as the input.
Fig. 2 shows the average values of the classification rates of the proposed TDNN
system for the noises, when using a total of twenty different test utterances selected
from Test Sets A and B. In the case of TDNN with the low frequency band when
unvoiced sections, the classification rates averaged over fifty utterances were 87% or
more for each condition of white and subway noises in Test Sets A and B. However,
the average values of the classification rates were approximately 3% worse for such
noises, in the case of TDNN with the mid and high frequency bands when voiced and
unvoiced sections, respectively.

Fig. 2. Classification rates for TDNN with the low frequency band when unvoiced sections.

4 Conclusions
A TDNN system based on classification of voiced/unvoiced signal was proposed
that uses TDNN to reduce background noise. Experimental results confirmed that the
proposed system is effective for white and subway noise, as demonstrated by the
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classification rates. In summary, the experimental results were as follows:
1.
The possibility of noise classification using a TDNN was confirmed in this
experiment.
2.
The noise reduction was significant under input SNR conditions of up to
about 0 dB for sentences.
The following problems remain as future areas for study.
1. The effectiveness of the proposed system needs to be evaluated for speech
degraded by heavy noise and various non-stationary noises in a real environment.
As mentioned above, the proposed system using the TDNN was experimentally
demonstrated for white and subway noise. Therefore, it is believed that the present
research results will be useful for the speech recognition under noisy conditions.
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